In the presence of recovery risk, the recovery rate is a random variable whose risk-neutral expectation can be inferred from the prices of defaultable instruments. I extract market-implied recovery rates from the term structures of credit default swap spreads for a sample of 497 United States (U.S.) corporate issuers over the [2005][2006][2007][2008][2009][2010][2011][2012][2013][2014] period. I analyze the explanatory factors of market-implied recovery rates within a linear regression framework and also within a Tobit model, and I compare them with the determinants of historical recovery rates that were previously identified in the literature. In contrast to their historical counterparts, market-implied recovery rates are mostly driven by macroeconomic factors and long-term, issuer-specific variables. Short-term financial variables and industry conditions significantly impact the slope of market-implied recovery rates. These results indicate that the design of a recovery risk model should be based on specific market factors, not on the statistical evidence that is provided by historical recovery rates.
Introduction
The management and pricing of credit risk rely on the accurate assessment of the likelihood of default and of the recovery upon default. To this end, credit risk models extract market information from the term structure of credit spreads, which can be estimated from corporate bond prices and, more recently, also from credit default swap (CDS) premiums. Early literature regarding credit risk (Merton 1974) established that, in the absence of arbitrage, the credit spread should equal the product of the default probability and the loss given default under the equivalent martingale measure. For several decades, much of the research effort has been dedicated to modelling the default event, while recovery was assumed to be constant. For example, Giesecke et al. (2011) estimate the relation between default rates and credit spreads while assuming a fixed 50% recovery in their 150-year sample period.
With the accumulated evidence of time-series and cross-sectional variations of historical recovery rates, more advanced credit risk models incorporate non-constant loss given default. However, mere calibration on historical recovery rates ignores the premium that the market may assign to recovery risk. Recent empirical literature has extracted recovery rates from the joint observation of different defaultable instruments issued by the same entity (Ünal et al. 2003; Das and Hanouna 2009; Doshi et al. 2018) . These market-implied recovery rates lead to a substantial reevaluation of credit risk exposures (François and Jiang 2019) . However, an analysis of the factors driving them and a comparison with the determinants of historical recovery rates remains, to the best of my knowledge, to be carried out. The paper aims at filling this gap.
Intuitively, one should expect the factors driving historical recovery rates and those driving the market-implied recovery rates to be different. Indeed, recovery rates are random variables and historical recoveries are their ex post realizations, whereas market-implied recoveries are their risk-neutral expectations. The way that the market assigns a recovery risk premium, on one hand, and the way that financial distress is eventually resolved, on the other, should induce distinct patterns for ex ante and ex post recovery.
I extract market-implied recovery rates from the term structure of CDS spreads for 497 United States (U.S.) corporate issuers over the 2005-2014 period. They exhibit a fairly symmetric distribution with clustered observations at zero-in sharp contrast with the typical bimodal distribution of historical recovery rates. I then proceed to a factor analysis using firm-specific, industry-specific, and macroeconomic determinants that are commonly identified in the bond recovery literature.
My contribution includes the following findings. Historical recovery rates have been shown to be affected by short-term, firm-specific variables, such as liquidity and profit margin. By contrast, I show that market-implied recovery rates are impacted by corporate factors that are more informative about the long run, such as leverage. In addition, while the effect of size is unclear on historical recovery rates, I unambiguously document a positive relation between size and market-implied recovery within a non-linear model. Similarly, the role of macroeconomic factors on historical recovery has received mixed support, except for default rates. I show that the strong negative relation with default rates also prevails for market-implied recovery rates. However, in contrast to their historical counterparts, macroeconomic factors, such as GDP growth and unemployment rate, also impact market-implied recovery rates. The slope of the term structure of market-implied recovery rates is affected by the same variables, short-term financial variables (such as liquidity and profit margin), and by the industry stock performance. The main implication of my results is the following. The design of a recovery risk model should be based on specific market factors, not on the statistical evidence that historical recovery rates provide.
I review the related literature in the next section. Section 3 addresses all aspects of the methodology (including the recovery model, the data and the model calibration, and a comparison with historical recovery rates). Section 4 presents the factor analysis and its results. I conclude in Section 5.
Related Literature
My study stands at the intersection of two streams of literature: (i) The determinants of historical recovery rates and (ii) the inference of recovery rates from market data. I shall briefly review these two research areas.
Factors Driving Historical Recovery Rates
Significant literature has examined the determinants of historical recovery rates. Two types of contributions can be distinguished. Most of the known determinants have been identified using standard linear regression models. These works include Frye (2000) , Düllmann and Trapp (2004) , Altman et al. (2005) , Varma and Cantor (2005) , Chava et al. (2011) , among others. Subsequent contributions aim at improving the fit of original models using more sophisticated specifications. These include parametric models, such as fractional response regressions (Bastos 2009) or inverse Gaussian regressions (Qi and Zhao 2011) , as well as non-parametric models, such as regression trees (Bastos 2009; , neural networks (Qi and Zhao 2011; Loterman et al. 2012) , and support vector regressions (Loterman et al. 2012; .
The determinants identified by all these studies can be grouped into four categories.
• Debt contract-specific variables: Coupon rate, seniority, collateral.
• Firm-specific variables: Size, asset tangibility, market-to-book ratio, liquidity ratio, interest coverage ratio, profit margin, leverage, firm age.
• Industry-specific variables: industry dummy, utilities dummy, industry sales growth, industry stock return.
•
Macroeconomic variables: Bond default rate, GDP growth, S&P500 index return, S&P500 index volatility, unemployment rate, Fama-French factors, economic uncertainty. Table 1 provides a summary of the findings, relating the determinants and the sign of their effect to the various empirical studies. The seminal study of Altman and Kishore (1996) supports the economic intuition that secured debt and senior debt are associated with higher recovery. These relations have Risks 2019, 7, 57 3 of 15 been documented in early studies using linear regressions, and they have been confirmed by recent work using more advanced models (Qi and Zhao 2011; Siao et al. 2016) . It is also natural to think that the characteristics of the issuing firm affect the eventual recovery on its distressed debt. All else equal, when assets are big (firm size), when they are tangible (mainly property, plant and equipment), and when they are mostly in place (low market-to-book ratio), creditors will obtain a higher recovery (Varma and Cantor 2005; Chava et al. 2011) . In addition, the firm's ability to repay (captured by various liquidity ratios, by profit margin, or by leverage) is also found to positively impact recovery (Acharya et al. 2007) . It is also documented that the type of default (private workout versus formal bankruptcy) impacts on historical recovery rates (Franks and Torous 1994; Altman and Karlin 2009 ). All else equal, when the firm cannot resolve financial distress by means of private renegotiations (as in distressed exchanges), it is an indication that the default event is particularly severe and this negatively affects recovery. Acharya et al. (2007) particularly put the role that is played by industry factors. In line with the argument made by Shleifer and Vishny (1992) , recovery is negatively impacted when the industry of the defaulting firm performs poorly. This is because the specific assets of the defaulting firm cannot be sold at their fair price, since potential buyers are themselves under financial stress.
It is a well-established stylized fact that recoveries are inversely related to default rates (Frye 2000; Altman et al. 2005) . The importance of additional macroeconomic variables has been emphasized in more recent studies. and mainly extract significant macroeconomic variables using Lasso and variable importance metrics from gradient boosting, respectively. Through different model specifications, including linear regressions, regression trees, and support vector regressions, they conclude that the stock index return, the corporate bond spread, and the unemployment rate are among the most salient determinants of historical recovery rates. Gambetti et al. (2019) identify economic uncertainty as an additional factor. They measure economic uncertainty using several proxies, including the VIX, survey-based, and news-based variables. They show that higher economic uncertainty lowers recovery rates, but it also affects their distribution (assuming they are generated from a beta distribution).
Inferring Recovery Rates from Market Data
The credit spread on a defaultable instrument reflects the product of the default probability and the loss given default, both under the equivalent martingale measure. Therefore, observing the credit spread leads to the identification problem of disentangling the default probability from the recovery rate. When discussing the implementation of their reduced-form credit risk model, Duffie and Singleton (1999) initially suggested working with defaultable instruments written by the same issuer but distinct in recovery.
In this line of reasoning, Ünal et al. (2003) apply a reduced-form credit risk model on the prices of senior and junior debts. Another possibility is to work with the term structure of CDS spreads. Jaskowski and McAleer (2012) estimate a reduced-form credit risk model with the Bayesian MCMC method. Doshi et al. (2018) extract the term structure of recovery rates from the joint observation of senior and subordinated CDS. Das and Hanouna (2009) and François and Jiang (2019) rely on the term structure of CDS spreads and on stock prices. In this latter approach, the default hazard rate is inversely related to the level of the stock price.
Methodology

The Recovery Model
Consider a reference firm with traded equity (stock price process is denoted by S t ) and a traded term structure of CDS contracts (the j-maturity CDS premium process is denoted by π t (j)). Assuming that the absolute priority rule is enforced, the equity-holders obtain zero recovery upon default. By contrast, the CDS offers compensation for the loss given default on the underlying reference bond. Consequently, the (risk-neutral) default probability of the issuing firm and the recovery rate on the reference bond affects the CDS premium. Therefore, it is possible to infer market-implied recovery rates from the joint observation of S t and the collection of π t (j), since equity and CDS contracts are driven by the same default process, but exhibit distinct recovery rates.
I follow Das and Hanouna (2009) and François and Jiang (2019) to extract market-implied recovery rates. Specifically, the stock price process dynamics is modelled by Cox et al. (1979) binomial tree with a state of jumping to default. At each node on the tree, S i k denotes the stock price, where superscript k indexes time (from 0 to N periods) and subscript i indexes the level of the node at time k. In the kth period, i takes value 0 at the top and value k at the bottom. In one time step, the stock price with return volatility σ can take on the following values
where h is the time step, λ i k is the one-period probability of jumping to default (default intensity), and q i k is the risk-neutral probability of an up move if the firm survives.
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In the absence of arbitrage opportunities, the risk-neutral probability q i k is given by
where R k is the one-period compound factor. Das and Hanouna (2009) and François and Jiang (2019) posit a non-linear inverse relation between the default hazard rate ε i k and the level of the stock price
where parameter b is the elasticity of the hazard rate with respect to the stock price. Such a specification results in time-and state-dependent default intensity. In addition, they work with a logistic specification for the recovery rate ϕ i k on the defaultable reference bond ϕ
where a 0 is a scale parameter and a 1 captures the dependence between the default intensity and the recovery rate. Consider the CDS with settlement dates
is the recovery rate prevailing between the settlement dates T k−1 and T k . The λ k and ϕ k are obtained from aggregation across all states of the binomial tree. 1 In this framework, the no-arbitrage premium π(j) equalizes the two legs of the CDS 2
, where B(t) is the risk-free discount factor for horizon t.
I calibrate the model-implied CDS premiums on the observed term structure π obs (j) to extract the term structure of the market-implied recovery rates (ϕ k ). That is, for J available CDS maturities, I solve for
which yields the quadruplet of calibrated parameters Ω = (a 0 , a 1 , b, σ).
Data and Model Calibration
The initial sample contains monthly stock prices and seven-maturity CDS term structures for 542 firms traded on the U.S. market (NYSE or NASDAQ). The denominator is the expected present value of all the premiums to be paid. The numerator is the expected present value of the compensation for the loss given default.
3
All CDS are U.S. dollar denominated and senior unsecured single-name contracts. 4 Before September 2010, the data was provided by CMA via Datastream. After that date, the data is provided by Thomson Reuters. The data is combined from the two providers by using the function "SPLC" of Datastream.
Risks 2019, 7, 57 6 of 15 the middle. All of the discount factors are obtained from the smoothed Treasury yield curve reported by the Fed St-Louis website. Table 2 reports statistics regarding the quality of the calibration on the CDS term structures. As far as the whole sample is concerned, the average relative fitting error is 10.2%. However, in some extreme cases, the fit is poor and the inferred market-implied recovery rate might not be accurate. Therefore, I restrict the analysis by excluding the 5% of cases of worst calibrations. Working with that restricted sample, I obtain an average fitting error of 9 bps (median is 2 bps) and an average relative fitting error of 7.2% (median is 4.4%). I focus on the 10-year recovery rate, since long-term recovery rates more adequately capture all the impacts of a lengthy resolution of financial distress to analyze the level of market-implied recovery rates. 5 However, the calibrated term structure also provides information about how the market expects the recovery rate to evolve. Consequently, I also examine the slope of market-implied recovery rates defined as the difference between the 10-year rate and the five-year rate.
From here on, I only retain quarterly observations of recovery rates (March, June, September, and December) to match with the highest frequency that is available for explanatory variables. The final sample comprises 16,062 observations. Figure 1 presents the distributions of the level and the slope of market-implied recovery rates. Not surprisingly, the level exhibits a unimodal distribution that is truncated at zero. That distribution is fairly symmetric, judging by the skewness (−0.05) and by the mean (33.60%) and the median (33.27%) being very close to one another. I find that the term structures of recovery rates are decreasing (mean slope is −0.17). Das and Hanouna (2009) and Doshi et al. (2018) also find downward sloping curves for the recovery rates. This indicates that firms experiencing a sudden default may obtain a greater resale value for their assets. By contrast, firms defaulting in the medium or long run are associated with slow financial health deterioration and the gradual loss of asset resale value. Figure 2 represents the time series behavior of the level and the slope of market-implied recovery rates. Just like their historical counterparts, the market-implied recovery rates appear to be pro-cyclical, at least judging by the business cycle spanned by the sample period. One can also note that the dispersion around the median (i.e., the gap between the third and first quartiles) increased during the recession. The slope appears to be strongly negatively correlated with the level. Thus, the whole term structure of market-implied recovery rates went down and became more flat during the crisis.
5
For instance, empirical studies on U.S. bankruptcy filings (Bris et al. 2006; Denis and Rodgers 2007) report that firms in financial distress spend between two and three years on average under bankruptcy.
Risks 2019, 7, 57 7 of 15 by the mean (33.60%) and the median (33.27%) being very close to one another. I find that the term structures of recovery rates are decreasing (mean slope is −0.17). Das and Hanouna (2009) and Doshi et al. (2018) Figure 2 represents the time series behavior of the level and the slope of market-implied recovery rates. Just like their historical counterparts, the market-implied recovery rates appear to be procyclical, at least judging by the business cycle spanned by the sample period. One can also note that the dispersion around the median (i.e., the gap between the third and first quartiles) increased during the recession. The slope appears to be strongly negatively correlated with the level. Thus, the whole term structure of market-implied recovery rates went down and became more flat during the crisis. 
Comparison with Historical Recoveries
The recovery rates that are inferred from the sample of CDS contracts reflect market anticipations about recoveries on senior unsecured bonds. Therefore, it is interesting to compare them with historical recoveries on the same bond category. However, that comparison is subject to the Figure 2 represents the time series behavior of the level and the slope of market-implied recovery rates. Just like their historical counterparts, the market-implied recovery rates appear to be procyclical, at least judging by the business cycle spanned by the sample period. One can also note that the dispersion around the median (i.e., the gap between the third and first quartiles) increased during the recession. The slope appears to be strongly negatively correlated with the level. Thus, the whole term structure of market-implied recovery rates went down and became more flat during the crisis. 
The recovery rates that are inferred from the sample of CDS contracts reflect market anticipations about recoveries on senior unsecured bonds. Therefore, it is interesting to compare them with historical recoveries on the same bond category. However, that comparison is subject to the following caveats.
•
The actual recovery rates from CDS auctions are slightly lower than actual recovery rates on the underlying bonds. Chernov et al. (2013) and Gupta and Sundaram (2015) find a downward bias of about 15% of the bond price (which represents a smaller fraction of par) and attribute it to a liquidity premium.
• Market-implied recovery rates from CDS might contain a premium for the CDS writer's 
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•
• Market-implied recovery rates from CDS might contain a premium for the CDS writer's counterparty risk. That being said, Arora et al. (2012) find that the negative relation between CDS spreads and CDS writer credit quality is economically very small because of risk mitigation techniques, such as overcollateralization and bilateral netting.
Historical recovery rates (as reported by Moody's for instance) are, by definition, calculated on a sample of defaulting firms. The market-implied recoveries are extracted from a sample of firms underlying a CDS contract. The difference in the two populations of firms could generate a bias in the comparison of recoveries. 6 • Most importantly, market-implied recoveries are risk-neutral expectations of random recovery rates. By contrast, historical recoveries are calculated once the default event has materialized. In some studies, the historical recovery rates are computed at the resolution of financial distress and they can be viewed as the realizations of random recovery. In other studies, the historical recovery rates are computed using 30-day post default bond prices. Such historical recovery rates are still expectations about ultimate recovery, but they are conditionally calculated on default having occurred.
While most credit risk models have been typically calibrated using historical recoveries, pricing credit risky instruments should require forward-looking recoveries (ex ante measures, i.e., prior to default) that may incorporate a risk premium. The aim of this paper is precisely to show how these ex ante and ex post measures exhibit distinct patterns, and how they are affected by different drivers. Figure 3 shows a histogram of historical recovery rates that were reported by Moody's over the 2005-2017 period. The distribution is clearly bimodal, which suggests that the resolution of financial distress leads to either limited losses (one mode is around 75%) or a severe write-off for creditors (the other mode is around 25%). 7 The average rate of 43% is not representative of the heterogeneity in historical recoveries, as previously documented by Altman and Kishore (1996) Most importantly, market-implied recoveries are risk-neutral expectations of random recovery rates. By contrast, historical recoveries are calculated once the default event has materialized. In some studies, the historical recovery rates are computed at the resolution of financial distress and they can be viewed as the realizations of random recovery. In other studies, the historical recovery rates are computed using 30-day post default bond prices. Such historical recovery rates are still expectations about ultimate recovery, but they are conditionally calculated on default having occurred.
While most credit risk models have been typically calibrated using historical recoveries, pricing credit risky instruments should require forward-looking recoveries (ex ante measures, i.e., prior to default) that may incorporate a risk premium. The aim of this paper is precisely to show how these ex ante and ex post measures exhibit distinct patterns, and how they are affected by different drivers. Figure 3 shows a histogram of historical recovery rates that were reported by Moody's over the 2005-2017 period. The distribution is clearly bimodal, which suggests that the resolution of financial distress leads to either limited losses (one mode is around 75%) or a severe write-off for creditors (the other mode is around 25%). 7 The average rate of 43% is not representative of the heterogeneity in historical recoveries, as previously documented by Altman and Kishore (1996) , Düllmann and Trapp (2004) , Altman et al. (2005) , or Bruche and Gonzalez-Aguado (2010), among others. 
Factor Analysis
I retain the following explanatory variables, in line with the previous literature. 8 Firm-specific variables are size, asset tangibility, liquidity, profit margin, leverage, and a dummy for investment grade firms. Industry-specific variables include dummies for the NAICS first digit and a dummy for industry stock underperformance. GDP growth, unemployment rate, S&P500 index return, and default rate are the macroeconomic variables. Table 3 presents the definitions of variables in detail. 6 When regressing historical recovery rates, Jankowitsch et al. (2014) find a positive and significant coefficient 
I retain the following explanatory variables, in line with the previous literature. 8 Firm-specific variables are size, asset tangibility, liquidity, profit margin, leverage, and a dummy for investment grade firms. Industry-specific variables include dummies for the NAICS first digit and a dummy for industry stock underperformance. GDP growth, unemployment rate, S&P500 index return, and default rate are the macroeconomic variables. Table 3 presents the definitions of variables in detail. Table 4 shows the correspondence between NAICS industries and their sectorial stock indices, which is used to assess industry stock performance and to ultimately build the dummy related to industry stress. Observations with missing firm characteristics are simply removed from the analysis. The final sample contains 497 firms and 12,598 observations. After reporting descriptive statistics in the next subsection, I proceed to the factor analysis of market-implied recovery rates using the linear regression model. That specification is simple and allows for a direct comparison with the literature on historical recovery rates. It would be worth investigating more sophisticated approaches to improve the goodness-of-fit and possibly highlight additional significant relations in the same spirit that this literature evolved. This is left for future research. However, given the censored distribution of market-implied recovery rates, I complement the factor analysis with Tobit regressions in Section 4.3. These regressions can be viewed as a robustness check for the findings that are highlighted in the linear regression approach. Table 5 reports the main descriptive statistics of the explanatory variables (excluding dummies). By construction, studies regarding historical recovery rates report characteristics of defaulting firms. As expected, my sample of firms exhibits much different characteristics: mean profitability (20%), liquidity (16%), and leverage (28%) reflect an average firm in good financial health. As a matter of fact, the majority of sample firms are well rated (the rating dummy equals 1 for 53.9% of observations). In addition, the distribution of firms across industries is fairly representative of the economy, as shown in Table 6 . The industry stress dummy only equals 1 for 3.6% of observations. This is because the threshold for industry underperformance (−30%) is meant to capture extreme liquidity shortage among competitors in the spirit of Shleifer and Vishny (1992) . In my ex ante study of recovery rates, where most firms are far from the default state, such a scenario has much lower likelihood. 
Descriptive Statistics
Linear Regression Results
I first investigate the determinants of market-implied recovery rates within a simple linear regression framework. Table 7 reports the results for the level using five different specifications. The first model includes all of the contemporaneous variables with industry fixed effects. The second model uses firm fixed effects instead. The third model considers macroeconomic variables lagged by one-quarter, as previous studies on historical recovery rates documented their superior explanatory power (Chava et al. 2011) . To control for multicollinearity issues, the fourth model only retains those variables with a variance inflation factor (VIF) that is below 10. The fifth model is the same as the first one, but it is estimated by maximum likelihood. All of the specifications include time fixed effects and robust standard errors are adjusted for heteroscedasticity.
In previous empirical studies (Acharya et al. 2007; Jankowitsch et al. 2014; Siao et al. 2016) , the standard determinants of historical recovery rates achieve a relatively high goodness-of-fit, with R 2 typically ranging between 40% and 60%. Table 7 indicates that their explanatory power is much lower when applied to market-implied recovery rates. Macroeconomic variables keep playing an important role, which confirms the pro-cyclical behavior of recovery rates. GDP growth rate stands as the macroeconomic variable that passes the multicollinearity test while keeping a high significance level. Among the firm specific variables, only leverage significantly contributes across all specifications. A possible interpretation is that the market mostly relies on a long-term financial analysis to estimate forward-looking recovery rates. Thus, financial indicators, such as liquidity or profit margin, which may affect immediate recovery, lose their explanatory power when it comes to assessing the consequences of default in a distant future. By contrast, leverage is a financial decision that impacts investment and operating policies in the long run. Similar to the findings regarding historical recovery rates, the relation between firm size and market-implied recovery rates is ambiguous. Table 8 presents the linear regression results for the slope of market-implied recovery rates using the same five different specifications. The slope is negative in most cases. Therefore, its steepness measures how fast the market believes the recovery will deteriorate in the future. Thus, a variable that is associated with a positive coefficient contributes to flattening the slope. By contrast, a negative relation indicates that the variable aggravates the decline in recovery. Macroeconomic variables continue to be highly significant. They point towards a countercyclical behavior of the slope. That is, in times of recession, the term structure of market-implied recovery rates is low and flat, indicating high losses given default across all horizons. By contrast, in times of economic growth, all of the recovery rates increase, but those in the short run increase even more. This is consistent with the notion that immediate defaults during expansion lead to limited losses.
In contrast with the regression for the level, all of the firm characteristics (except for liquidity) significantly impact the slope. Leverage contributes to a low and flat term structure. However, size, profit margin, and the rating steepen the negative slope. Hence, the market believes that big, profitable firms with a good rating preserve a high recovery in the short run.
Another notable difference with results in Table 7 is that the industry distress variable is now significant. Consistent with the argument put forward by Shleifer and Vishny (1992) , competitors in financial difficulty cannot offer the fair price to liquidated specific assets. The regression results suggest that this effect is only temporary, as it mainly lowers short-term recoveries and not long-term ones (thereby flattening the term structure). Additionally, this finding is in line with Shleifer and Vishny (1992) , who argue that a delayed liquidation procedure helps in avoiding fire asset sales.
Tobit Regression Results
The empirical literature on historical recovery rates shows that, even if model sophistication improves the goodness-of-fit, it does not fundamentally affect the identification of factors. Indeed, the most relevant determinants have been detected in simple linear regressions.
However, the same result may not hold for market-implied recovery rates. As documented in Figure 1 , the level of market-implied recovery rates exhibits a unimodal, symmetric distribution, with clustered observations at zero. Therefore, it is natural to analyze its determinants within a censored regression model. I run a Tobit model with random effects and a censor threshold at 0.01%, leaving 11,873 (94%) uncensored observations. Table 9 gathers the results. All specifications include time fixed effects. Specifications 1 and 2 only differ in the inclusion of industry fixed effects. Specification 3 uses lagged macroeconomic variables. Specification 4 only retains those variables with a VIF below 10. Table 9 . Tobit regression results for the level of market-implied recovery rates. Robust standard errors are reported in parentheses. Variables preceded by "L_" are lagged by one quarter. Statistical significance at the 10%, 5% and 1% level is indicated by superscript *, ** and ***, respectively. The results are very similar to the ones from the linear regressions. Yet, the Tobit specification provides additional information regarding the factors driving market-implied recovery rates. It allows, in particular, to pick up the positive effects of size, rating, and, to a lesser extent, liquidity. Furthermore, the Tobit specification clarifies the firm size effect. Bigger firms are now unambiguously associated with larger market-implied recovery rates.
Conclusions
The goal of this study was to shed light on the determinants of market-implied recovery rates and to examine, in particular, the way that they differ with the well-identified drivers of historical recovery rates.
The link between historical recovery rates and the business cycle has clearly been established through the negative relation with default rates. However, the explicit contribution of macroeconomic factors has received mixed support (see Mora 2012) . By contrast, this study shows that the forward-looking nature of market-implied recovery rates makes them very sensitive to macroeconomic variables, such as the GDP growth rate and the unemployment rate. A strong negative relation with default rates also prevails.
Other important differences arise when it comes to firm specific factors. The historical recovery rates are mostly affected by short-term financials, such as cash levels and profit margin, while size and leverage fail to be significant. Market-implied recovery rates are rather impacted by corporate factors that are more informative about the long run. They are strongly negatively related to leverage. The positive relation with size and rating quality can be captured in a non-linear model.
The Shleifer and Vishny (1992) industry effect also applies to historical and to market-implied recovery rates, but since this is a transitory effect, its impact mainly consists in flattening the term structure of market-implied recovery rates.
The major implication of this study is that the modelling of recovery risk in a credit risk pricing framework calls for specific factors and should not rely on the statistical evidence that is reported for historical recovery rates.
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